Diagnosing tunnel lining structural damages is vital to ensure safe tunnel operations. However, the detection of multiple defect is challenging task due to the size imbalance between cracks, spalling, and backgrounds. Currently, deep-learning-based methods for multiple defect are dependent on multiple-stage networks, which have limited their scalability and complex frame working processes. To accurately recognize the multiple defect at the pixel-level using only one-stage networks, a new method was proposed, which integrated the basic SegNet with a focal loss function, and was referred to as an FL-SegNet method. The focal loss function was adopted to address the problem of the size imbalance by down-weighing the losses assigned to the well-classified samples, and then the training was focused on the hard samples. Furthermore, comparative experiments were performed to evaluate the performances of the different methods. The experimental results demonstrated that FL-SegNet method was capable of accurately predicting the profiles of small-sized cracks and overlapping damages even under various noise conditions, and successfully outperformed the two-stream method and the basic SegNet method in this regard. The performance metrics (MPA and MIoU) of the FL-SegNet method were significantly higher than those of other multiple defect detection approaches in different scenarios (images with small-sized damages attained to 81.53% and 69.86%, increased by 11.99 % and 4.88% compared with two-stream method, and increased by 17.78% and 7.69% compared with basic SegNet). Therefore, this paper provides an effective solution for the future detection of multiple defect in tunnel linings.
I. INTRODUCTION
It is known that various types of structural damages may exist in currently used tunnels which could potentially have considerable negative effects on the safe operations of the tunnel structures. These damages may be due to the complicated environmental factors, excessive long-term usage, overloading, or inadequate follow-up maintenance programs. It has been found that the most prominent types of damages to the tunnel linings involve cracks and spalling, which may reduce the strength of the overall structures, shorten the life spans of the tunnels, and even result in accidents. For exam-The associate editor coordinating the review of this manuscript and approving it for publication was Chao Wang . ples, in 1999, the spalling of the concrete lining block of the Kitakyushu Tunnel in Japan had suspended the Shinkansen operations for 10 hours, which had affected approximately 62,000 people. In 2011, the Chongqing Nancheng Tunnel experienced large-scale fire-fighting paint spalling and lining cracks, which had threatened the normal operations of the tunnel. Therefore, it has become vital to periodically inspect the operating conditions of the tunnels, as well as diagnose potential structural damages, to avoid accidents and ensure uninterrupted safe operations of the tunnel structures. However, it has been found that despite recent advances in inspection technology, manual visual inspections remain the principal method utilized for tunnel damage inspections at the current time. These human-involved tasks were not VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ only labor-intensive, but also time-consuming and tedious. Additionally, manual inspections were known to be prone to human errors, and important details were inevitably missed. In recent years, numerous efforts regarding non-destructive detection technology have been dedicated to automate the inspection processes. In particular, vision-based automatic inspection techniques which applied cameras to capture the image data of tunnels have been extensively utilized for surface damage detection [1] , [2] . Nevertheless, the current bottleneck problem for these types of techniques is how to accurately recognize and distinguish the various types of structural damages automatically.
To address these problems, computer vision (CV)-based approaches have been adopted to automate the identification of different tunnel damage types. At the present time, the most widely utilized methods were based on the image processing techniques, such as the Gabor Filter Invariant to Rotation [3] ; block binarization [4] ; thresholding operations [5] ; edge detection [6] ; and percolation-based [7] , as well as their improvements. In the studies conducted by Huang et al. [8] , the Otsu Method was used for leakage recognition processes, and a new algorithm based on the features of the local image grids was developed to recognize cracks in tunnel linings. Mohanty et al. [9] revealed that image mosaic technology could be effectively used to detect the tunnel water leakage and cracks anomalies that had not been identifiable through edge detection methods. Then, for the purpose of improving the adaptability of the models, machine learning (ML) was employed to detect the structural damages. These included the use of Support Vector Machines (SVM) [10] , [11] ; Artificial Neural Networks (ANN) [12] , [13] ; and Adabost [14] . Previous research methods were able to be categorized as either utilizing computer-vision techniques, or relied on combinations of handcrafted features which had been extracted using CV techniques together with ML models. Although the previously described methods had provided satisfactory results to some extent, the majority of those methods had generally relied on exploiting handcrafted low-level features. Those features which may have been inevitably affected under real-world situations which were characterized by extensive variations and damages accompanied by the appearance of complex noise patterns.
In recent years, deep-learning (DL)-based methods have been explored, which have been proven to display strong capabilities in automatically learning deep and robust features without the use of handcrafted features, and have achieved outstanding performances in the tasks related to image classifications [15] ; object detection [16] ; and pixel-level predictions. Along with the increased popularity of DL-based methods, a surge of research interest has been emerged to explore using DL-based methods for damage identification tasks, and many have achieved promising results [17] , [18] . Chen and Jahanshahi [19] proposed a DL framework which was based on a convolutional neural network (CNN), for the purpose of analyzing individual video frames for crack detection. Also, in another related study, Protopapadakis et al. [20] examined the 2D recognition and 3D modelling of concrete tunnel cracks using CNN detectors.
The aforementioned methods have undeniably achieved exceptional performances in damage recognition tasks in realistic situations. However, a major shortcoming is that they are only applicable to single types of damages. It has been noted that, such tunnel damages as cracks and spalling are often physically related and can often be observed close to each other. In other words, multiple damage may simultaneously exist on the same image of a specific tunnel area. At present, some research investigations have already made progress in regard to the identification of multiple damage for tunnel linings. For example, Li et al. [21] presented a unified and purely vision-based method which had displayed abilities in damage detection and localization networks. This method was confirmed to accurately detect and classify typical damages under challenging conditions. Furthermore, Xue and Li [22] achieved automatic intelligent classifications and detection of tunnel lining damages through fully convolutional networks, region proposal networks, and position-sensitive region-of-interest pooling techniques. In other related study, to identify the actual profiles of multiple damage and realize pixel-level detection, Huang et al. [23] applied two-stream algorithms of the corresponding FCN, in which one stream was used to recognize crack by a sliding-window-assembling operation, and the other was adopted for leakage by a resizing-interpolation operation. Hoskere et al. [24] proposed a multiscale pixel-wise deep neural network (DNN) to successfully recognize six different types of structural damages. The above-mentioned research studies were able to detect different types of damages, instead of using one-stage networks which had limited the scalability and complexities of the frameworks. Li et al. [25] proposed a Fully Convolutional Network (FCN)-based multiple damage detection method for concrete structures at the pixel-level. However, this method had neglected holes smaller than 1,000 pixels and cracks smaller than 2 pixels, which may not have been able to effectively learn the features of very small damages or identify small-sized damages.
Inspired by the latest developments and to avoid potential problems of the above researches, some of the attributes which were unique to multiple damage identification in tunnel linings were further analyzed. Specifically, the aforementioned characteristics presented threefold challenges as follows: (1) Since the sizes of the cracks, spalling, and backgrounds on the same images were known to be dramatically different, the multiple damage identification methods which utilized one-stage networks may have potentially suffered from size imbalance problems which would adversely affect the accurate identification of the small-sized damages ( Fig. 1(a) ); (2) Since cracks and spalling damages were known to often be physically related and may potentially overlap each other, and the overlapping regions may possess similar feature maps and conflicted pixels. This tended to pose major challenges for the simultaneous identification of multi-damaged areas ( Fig. 1(b) ); (3) Due to uneven light conditions and other types of interference, including bolt holes, cables, and manual marks in the tunnels, the robustness and adaptability of the damage recognizing method were inevitably impacted.
In the current study, for the purpose of addressing the aforementioned problems, a method for simultaneously identifying cracks and spalling with one-stage networks was developed. This method was integrated a basic SegNet [26] with a focal loss function [27] to focus the training on hard examples (for example, cracks), and also to prevent the occurrences of easy negatives from overwhelming the model. As a result, influences of the size imbalanced data during the multiple damage identification were mitigated, which contributed to significant improvements in the accuracy and scalability of the proposed multiple damage detection method.
The proposed method was denoted as FL-SegNet. The main contributions of this paper were as follows:
(1) A DL-based method with a new framework was proposed to recognize multiple damage (such as cracks and spalling) in tunnel linings using only one-stage networks. This method was competent for accurately identifying increased numbers of multiple damage by adjusting the parameters of the focal losses without the necessity of training dedicated models for each type of damage.
(2) In this paper, a focal loss function was integrated with basic SegNet to address the problems of the imbalanced sizes of cracks, spalling, and backgrounds on the same images. Therefore, the proposed method was found to be capable of identifying multiple damage with small sizes, overlapping multiple damage, and also damages resulting from various types of background interference.
(3) Comprehensive validation experiments were performed to evaluate the effectiveness of the proposed method in multiple damage detection tasks.
The content of this study is organized as follows: Section II presents the proposed method; Section III introduces the details of the experimental processes; in Section IV, the experimental results and discussion are detailed; and the conclusions reached in this study are given in Section V. 
II. METHODLOGY
In this study, a new DL-based method (FL-SegNet) was proposed for the purpose of recognizing the cracks and spalling of tunnel linings using only one-stage networks. Because of the humidity and acid-base characteristics of the environment, the fire-retardant coatings on the tunnel lining surface become discolored, coated and peeled off. Insufficient concrete strength results in cracking and spalling of concrete. Those phenomena are called spalling. The proposed FL-SegNet method had integrated a basic SegNet with a focal loss to address the problems of imbalanced sizes which are known to be encountered during the multiple damage identification processes. The method was an end-to-end, pixelto-pixel network for predicting the classes of the damages at each pixel, which could then reconstruct the profiles of the damages. The overall architecture of the proposed method was elaborated in the following section, and a detailed presentation of the focal loss function was presented.
A. ARCHITECTURE OF THE SEGNET NETWORK
SegNet network was employed to simultaneously recognize cracks and spalling damages in tunnel linings. The input of the network was the original images, and the output was the prediction pixel-wise labelling which corresponded to the images. The SegNet network was composed of an encoder network and a corresponding decoder network, which were then followed by a final pixel-wise classification layer. The encoder network consisted of convolution with a filter bank, batch normalization, and max-pooling to obtain feature maps. The decoder up-sampled the input feature maps using the memorized max-pooling indices in order to reconstruct the input images. The architecture of the SegNet network was detailed in Fig. 2 .
1) ENCODER NETWORK
In the encoder network, the convolution with a filter bank had produced a set of feature maps, and batch normalization was incorporated to speed up the training. Then, max-pooling was employed to achieve the translation invariances in the input images.
The convolution layer performed element-by-element multiplications between a subarray of an input array and a convolution kernel. Then, the multiplied values were summed, and bias was added to the summed values. The initial weight values of the convolution kernel and the bias were randomly generated. The size of the subarray was generally equal to the convolution kernel, which was always smaller than the input array. An example of a specific convolution operation was shown in Fig. 3 . At present, to maintain the consistent sizes of the output and input, a zero-padding operation was performed on the input. Then, following the completion of the convolution operation, a series of feature maps were generated. These feature maps were then batch normalized, which accelerates deep network training by reducing internal covariate shift. And ReLu function was applied as an activation function after the batch normalization layer. The calculation formula of the ReLu function was as follows:
Following that, max-pooling with a 2 × 2 window and Stride 2 were performed to effectively reduce the spatial sizes of the feature maps. Specifically, max-pooling was used to divide the feature maps into several rectangular areas, and then to output the maximum values of each subdomain. In addition, the max-pooling process in the SegNet network had also generated the max-pooling indices, and had memorized the locations of the maximum feature values in each pooling window of each encoder feature map.
2) DECODER NETWORK
The decoder was the inverse process of the encoder. The decoder network of the SegNet was composed by a set of up-sampling, convolutions, and batch normalizations, which were then followed by a Softmax classifier for the purpose of predicting the pixel-wise labels. Firstly, the input feature maps were up-sampled with the memorized max-pooling indices from the corresponding encoder feature maps. Then, convolution and batch normalization processes were applied to each of the aforementioned maps. Eventually, the high dimensional feature representations of the decoder output were introduced into a Softmax classifier. Softmax classifier output a num_label channel image of the probabilities, where the num_label was the number of sample classes. In the Fig. 4 , the SegNet decoding technique was illustrated, where a, b, c, and d represented the corresponding values of the feature maps. The up-sampling procedure was completed in the SegNet using the max-pooling indices without learning, and then convolution with the trainable decoder filters was completed. The up-sampling of SegNet had both reduced the number of training parameters and the computational memory, which was determined to be an excellent feature of the SegNet.
B. FOCAL LOSS FUNCTION
Due to the fact that the imbalanced sizes of cracks, spalling, and backgrounds on the same images, the accuracy of multiple damage detection using one-stage networks was relatively low. This has been observed to be particularly true for boundaries and small-scale damages. For example, the descripted boundary contours have been observed to be quite blurry, and the small-scale damages, such as micro cracks, have been previously difficult to recognize. Therefore, the size imbalance of the cracks, spalling, and backgrounds has been the primary obstacles preventing one-stage networks method based multiple damage detecting methods from surpassing the two-stream model-based methods. Therefore, in the current study, for the purpose of addressing this problem, the focal loss function was utilized rather than traditional cross entropy (CE) function in order to focus on learning the hard examples and down-weighting the numerous easy negatives. The focal loss (FL) function was as follows:
where the weight variable α t ∈ [0,1] can be set by the inverse class frequency in order to address the class imbalance; and the p t was defined as follows:
where y is the ground-truth class and p represents the prediction label with the ground-truth class of 1; (1p t ) γ (γ ∈ [0, 5] as focusing parameter) is used as a modulating factor to reduce the relative loss for the well-classified samples (p t > 0.5), and focus more on the misclassified samples (hard samples). γ is increased the effect of the modulating factor is likewise increased. In this way, the contributions of the cracks, spalling, and backgrounds can be balanced to the loss function, which not only improves the efficiency, but also increases the accuracy of the identification. 
III. EXPERIMENTATION
In this paper, experiments were performed to confirm the superiority of the proposed one-stage method based on multiple damage detection in the recognizing cracks and spalling in tunnel linings. The experiments were conducted on a computer with the following configuration: Intel Core i5-7400 @ 3 GHz CPU; 8 GB Random Access Memory; and NVIDIA GeForce GTX 1060 Ti GPU. This study's proposed method was implemented based on the DL framework Keras [28] . The processes of data acquisition and data annotation, along with the design of hyper-parameters, were elaborated in this section. Furthermore, some of the metrics which were used to quantitatively evaluate the performances of the method are given.
A. BUILDING THE DATASET
The data sets utilized in this study were taken from the Nanshibi Tunnel, which is a separate tunnel on the Daguang Expressway in Jiangxi Province. The total length of the tunnel is 924 m. This tunnel is situated between two reservoirs and characterized by structural denudation, tectonic erosion, and dissolved landforms. A large number of stone teeth, soluble grooves and karst caves are outcropped on the surface, and its main adverse geological phenomena are karst and faults. Therefore, there are many defects in tunnel lining structure. proportions of the datasets. Pixel-level ground truths were manually labeled by careful engineering experts on the collected images, in which the pixels of the backgrounds, cracks, and spalling were labeled as 0, 1, and 2, respectively. The collected images and the corresponding ground truths were shown in Fig. 5 .
The training and testing sets applied in this study had adopted different data processing methods, respectively. During the training process, random cutting and data augmentation [29] were performed on 226 images with 300× 300 pixels to increase the diversity of the data and avoid overfitting [30] . During the random cutting process, the 256 × 256 pixels images were randomly captured from 300 × 300 pixels images. Subsequently, data augmentation was carried out on the images with 256 × 256 pixels by deforming, rotating, blurring, and adding noise. Finally, the total numbers of the obtained training datasets were 10,000, which were randomly assigned into the training and validation data. Then, due to the limitations of the input dimensions of the network, 72 testing images with 300 × 300 pixels were directly resized to 256 × 256 pixels.
In addition, to prove that the model was not overfitting, the training images were randomly divided into five parts (four parts for training, and one part for validation) for this study's five-fold cross-validation experiments. The accuracy and loss values for each step of the training and validation were shown in Table 2 , in which ''Accuracy and Loss'' denote the training accuracy and training loss, respectively, and Val_acc and Val_loss signify the accuracy and loss of the validation set. The accuracy was the proportion of the number of pixels predicted to be correct in the total number of pixels. The value of loss was calculated by the focal loss function (Equation 2) introduced in Section II (B). It was clear that satisfactory Val_acc and Val_loss values had been obtained for each step, which indicated that the model was not overfitting on the utilized datasets.
B. HYPER-PARAMETERS
The detailed dimensions of each layer and operations included in this study's proposed FL-SegNet method were listed in Table 3 . The total number of layers in the network was 30, which included 20 convolution and batch normalization layers; 4 max-pooling layers; 4 up-sampling layers; an input layer; and a Softmax activation layer. Adadelta was selected as the optimizer, which did not require the advance setting of the learning rate.
The size imbalance of the cracks, spalling, and backgrounds is the primary obstacle which prevents accurate multiple damage detection using one-stage networks. In this study, a focal loss function was utilized to address this problem by focusing on the learning hard examples and down-weighting the numerous easy negatives. As can be seen in Eq. (2), the setting of the parameters α t and γ was crucial. In this study, γ was set to 2 to balance the positive/negative examples. The weight variable α t ∈ [0, 1] could then be set by the inverse class frequency for the purpose of addressing the class imbalance. In this study's semantic segmentation task, it was applied to address the size imbalance, which was expressed as the imbalance in the number of background, crack, and spalling pixels. Then, to determine the suitable values of α, the values of [10, 1, 3], [3, 1, 2], and [1, 6, 3] were set for comparison purposes. In accordance with the principle that the contributions of a larger number of samples to the loss function were small, and the contribution sum of all the samples to the loss function was 1, the following operation was performed on α. For example, α was set as [x 1 , x 2 , x 3 ].
Step
Step 2:
Step 4: w_final i = w i sum_w (7) Finally, α was calculated to [3/43, 30/43, 10/43], [2/11, 6/11, 3/11], and [2/3, 1/9, 2/9], which had corresponded to [10, 1, 3] , [3, 1, 2] , and [1, 6, 3] , respectively. Fig. 6 depicted the training accuracy and loss curve graphs under the different α values. For contrast, [10, 1, 3] was selected as the value of α in this study, where loss was observed to be smaller. The experimental results detailed in Section IV of this study were also based on the fact that α was [10, 1, 3].
C. EVALUATION METRICS
To assess the accuracy of the different types of methods for semantic segmentation, two evaluation metrics were adopted as follows: Mean Pixel Accuracy (MPA); and Mean Intersection over Union (MIoU) [31] . The calculation formulas for the MPA and MIoU were as follows: where k + 1 represents the total number of classes, including the background; p ij indicates the amount of pixels in which class i is inferred to belong to class j; similarly, p ii stands for the number of true positives, while p ij and p ji represent false positives and false negatives, respectively.
Additionally, for all of the metrics described above, the MIoU was observed to stand out as the most used metric due to its representativeness and simplicity. Therefore, in the majority of the challenges and research experiments, this metric was utilized to report the obtained results.
D. COMPARATIVE STUDY
FL-SegNet method which was proposed in this study had aimed at addressing size imbalance and the accurate recognition of the cracks and spalling using only one-stage networks. It was determined that in order to verify the superiority of the proposed method more intuitively.
The performances of the proposed method were required to be compared with two-stream and basic SegNet methods. The two-stream methods employed two dedicated SegNet models to separately recognize cracks and spalling. Then, two prediction results were merged on the same images. The basic SegNet method applied one SegNet network to simultaneously identify cracks and spalling without adding a focal loss function. All of the three examined methods had adopted the same hyper-parameters for training. Meanwhile, all three methods were trained for 50 epochs on the same datasets.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
In this section, the comparative experimental results for pixel-wise multiple damage identification were provided. The experimental results have indicated that the proposed FL-SegNet method had outperformed the excellent two-stream multiple damage detection method, as well as the basic SegNet method. Furthermore, the results indicated that the focal loss could be successfully applied for the semantic pixel-wise segmentation to focus on the learning hard examples and to down-weight the numerous easy negatives. Therefore, it was concluded that focal loss was more appropriate for using one-stage networks to identify multiple damage. Fig. 7 displayed the training accuracy curves and the loss curves of the three types of methods on the same dataset for the purpose of multiple damage identification at the pixellevel. For the basic SegNet method, the maximum accuracy and minimal loss had reached 99.68% and 0.007 at the fiftieth epoch, respectively. Meanwhile, for the two-stream method which was composed of a crack model and a spalling model, two models were trained separately. The crack model obtained its minimal loss 0.002 at the 50 th epoch with an accuracy of 99.91%. Also, the maximum accuracy and minimal loss for the spalling model were determined to be 99.92% and 0.002, respectively, which had stabilized at the 50 th epoch. When compared with the results of the aforementioned two networks, the proposed FL-SegNet had converged at the 35 th epoch, and the maximum accuracy and minimal loss were 99.52% and 0.003, respectively.
A. COMPARISON OF THE TRAINING CURVES
The two-stream method, basic SegNet, and the proposed method trained per epoch for 40 minutes, 23 minutes, and 21 minutes, respectively. Therefore, the results obtained in this study clearly illustrated that the two-stream method displayed inefficient performance in terms of computing efficiency, as also required the training of two separate models to separately identify the different types of damages. However, since the two-stream method belonged to the single damage detection method category, the samples were relatively simple, and the values of the accuracy and losses were slightly higher than other methods. The accuracy rate of the basic SegNet method was found to be basically the same as the proposed method. However, the proposed FL-SegNet method was capable of achieving smaller loss function values. As a result, the proposed method can better accurately predict multiple damage to the tunnel linings.
B. DETECTION OF SMALL-SIZED DAMAGES
One of the main contributions of the current study was that the proposed method can accurately recognize the classes of the damaged per-pixel from the multiple damage of dramatically different sizes. For example, in regard to the cracks and spalling damages in the tunnels, the sizes of the cracks were determined to be much smaller than the spalling and backgrounds on the same image, which had previously led to major size imbalance problems. Therefore, this study first identified the multiple damage with small cracks using the proposed method to validate the method's superior performance in addressing the size imbalance problems. Fig. 8 presented some of the detection results provided by the different multiple damage identification methods when image data with small cracks, spalling, and complex backgrounds were investigated. It was clear that the proposed method had outperformed the other methods when comparing the ground truths. The basic SegNet method was found to be susceptible to interference of the size imbalance, and many crack pixels had been mistakenly detected. The two-stream method performed relatively better than the basic SegNet method since it clearly recognized the boundaries for the spalling damages. However, it still provided many incorrectly predicted results for the cracks in the tunnel linings, as shown in Figs. 8b and 8c . In contrast, the proposed FL-SegNet reconstructed refined profiles of the cracks, as well as contributing to robust pixel-wise predictions, even though some of the cracks were very tiny when compared with the spalling and complex backgrounds of the images. Furthermore, the proposed FL-SegNet also provided satisfactory predictions of the crack-only images, where thin cracks occupied only a small portion on the image when compared with the background areas. An example of typical results was shown in Fig. 8d .
In the present study, to quantitatively evaluate the performances of the different examined methods, the evaluation metrics for each of the methods were calculated, and the results were shown in Fig. 9 . As can be seen in the Fig. 9 , the proposed FL-SegNet attained the highest scores for both the MPA and MIoU. MPA and MIoU for the proposed method were 81.53% and 69.86%, respectively. Meanwhile, the MPA and MIoU values for the basic SegNet without using a focal loss function were determined to be 63.75% and 62.17%, respectively. These results indicated that the proposed SegNet method with a focal loss function had effectively resolved the imbalance problems encountered during the multiple damage detection by autonomously putting more focus on the small-sized and hard samples. The results of the performances of the two-stream method (MPA: 69.54% and MIOU: 64.98%) were found to have exceeded those of the basic SegNet method. This was determined to be reasonable since the two-stream method utilized customized models for each damage point, and then separately identified the cracks and spalling. However, the two-stream method still underperformed when compared to the proposed FL-SegNet. The MPA and MIoU of the proposed FL-SegNet method increased by 11.99% and 4.88%, respectively, in accurate identification of the size-imbalanced multiple damage when compared with the two-stream method. Therefore, the proposed method had successfully outperformed other existing multiple damage detection algorithms.
C. OVERLAPPING OF THE CRACKS AND SPALLING
One of the known challenges for the multiple damage detection of tunnel linings is the overlapping of cracks and spalling. The conflicting pixels of the overlapping regions cause the multiple damage to be more difficult to detect. To validate the robustness of the FL-SegNet method in addressing the overlapping problem, some of the predicted results containing overlapping multiple damage were shortlisted, as shown in Fig. 10 . It was observed that in some cases, the overlapping of the cracks and spalling had been accurately detected by all three examined methods, as detailed in Fig. 10b . Nevertheless, for the majority of the cases, the two-stream method and the basic SegNet method failed to satisfactorily detect the overlapping multiple damage. As illustrated in Figs. 10a and 10c , the basic SegNet incorrectly predicted the boundaries of the spalling as background area, and continuous cracks were predicted as disconnected. As shown in Fig. 10a , the two-stream method displayed major difficulties in detecting tiny cracks in the overlapping areas. One of the possible reasons was that the cracks had low contrast with the stain on the spalling in the overlapping areas, which made it difficult for the two-stream method to concentrate on learning the cracks and effectively extracting the feature maps. Moreover, due to the weak light environments in the tunnels, the dedicated crack model in the two-stream method failed to distinguish tiny cracks from the spalling under the shadowed conditions. For instance, one of the bad prediction results was shown in Fig. 10d , where both the two-stream method and the basic SegNet method failed to identify the overlapping cracks and spalling.
In contrast, the proposed FL-SegNet completely predicted the spalling boundaries, as well as the thin cracks overlapped with spalling, as shown in Fig. 10 . The reconstructed profiles of each of the damages were found to be in superior agreement with the ground truths. The results indicated that the proposed method was qualified to recognize multiple damage with major size difference regardless of whether or not overlapping existed. The reason why the proposed FL-SegNet method had outperformed the other two examined methods was that the focal loss had focused training on a sparse set of hard examples (for example, cracks), and had prevented the vast number of easy negatives from overwhelming the model during training. During the method training processes, the feature maps for each damage point were effectively learned, and the trained model was able to achieve a more accurate detection of each type of damage. Fig. 11 presented the comparative results of the evaluation criteria. It can be seen that the MPA and MIoU of the FL-SegNet were 79.39% and 67.55%, respectively, which were the highest among the three examined methods. The MPA and MIoU of the basic SegNet were determined to be 31.46% and 23.91%, respectively, which were lower than those of the FL-SegNet. Therefore, this findings successfully verified that SegNet with focal loss had been able to achieve better results in the identification of overlapping damages when the characteristics of pixel conflicts and size imbalance had been observed. Furthermore, although the twostream method trained two dedicated models for the cracks and spalling, it still underperfomed when compared with the proposed method. The MPA of the FL-SegNet improved from 62.77% (two-stream method) to 79.39%, and its MIOU increased from 58.17% (two-stream method) to 67.55%. The reason for these results was determined to be that in the overlapping area, there were conflicts between the cracks and spalling pixels, as well as size imbalance, which had made it difficult for the two-stream method to learn the crack feature maps.
As detailed in Fig. 11 , the proposed method exhibited extrodinary performances for recognizing overlapping multiple damage at the pixel-level. Therefore, the proposed method presented a potential alternative for effectively resolving the overlapping problems encountered in multiple damage detection.
D. ROBUSTNESS AND ADAPTABILITY
Background interference and uneven light conditions are the two main forms of noise in tunnels, and are known to affect multiple damage identification. This study's experimental results were demonstrated in this section for the purpose of validating the robustness and adaptability of the proposed FL-SegNet method in tunnel environments where the abovementioned two main noise sources exist.
1) BACKGROUND INTERFERENCE
In tunnel environment, the influences of background noise, such as background textures, lamp-shading, and manual marks on the surfaces of the tunnel linings, tend to increase the diversity of the data and pose major challenges for the accurate identification of damages. Fig. 12 expressed the images which had been influenced by the background noise in the current study. Figs. 12b, 12c , and 12d illustrated that the proposed method had displayed excellent prediction results for the images with variable background textures and manual marks. However, it was observed that the basic SegNet method could not completely identify the profiles of the cracks and spalling (Figs. 12b and 12c) , and it had also failed to recognize the cracks detailed in Fig. 12d . Although the two-stream method was competent for accurately identifying the profiles of the spalling (Fig. 12c) , it had unfortunately obtained unsatisfactory recognitions of the crack damages, as depicted in Figs. 12b and 12d . Furthermore, as shown in Fig. 12a , the prediction results of the proposed method showed excellent agreement with the ground truths. Meanwhile, both the two-stream method and the basic SegNet method displayed difficulties in extracting the detailed features of the damages. Therefore, both the two-stream method and the basic SegNet method underperformed when compared with the results achieved by the proposed FL-SegNet in regard to the images with background interference.
2) UNEVEN LIGHTING CONDITIONS
The light conditions in tunnels may lead to spots, shadows, and other noise in the surrounding background, which are known to adversely impact the performances of damage recognition methods. In this study, some of the representative images with uneven lighting interference problems were shortlisted, and the performances of the three damages identification methods were discussed in detail. As can be seen in Fig. 13 , the cracks and spalling damages were satisfactorily detected by the proposed method. In Figs. 13b  and 13d , it can be seen that the basic SegNet method had mistakenly detected cracks and spalling under the influences of the uneven lighting conditions, and the crack predictions of the basic SegNet method had erroneously indicated discontinuous and incomplete cracks. The predictions of Figs. 13a and 13c illustrated that three methods were relatively similar. However, the proposed FL-SegNet displayed the abilities to accurately reconstruct the profiles of all the damages, as well as the boundaries for all of the damages. As can be seen in Fig. 13b , the two-stream method failed to accurately identify the cracks under the lighting interference conditions. Therefore, the results demonstrated that the proposed method was capable of accurately recognizing structural damages under various disturbances with better robustness and adaptability when compared with the other two examined methods. Table 4 described the comparison of the average indicators in the testing processes of the two-stream method, basic SegNet method, and proposed FL-SegNet method. It can be observed that the proposed method had achieved the highest scores for both MPA and MIoU under the two examined types of interference. In the cases of background interference, the MPA and MIoU of the proposed FL-SegNet method were determined to be 83.35% and 75.06%, respectively. Meanwhile, those of the two-stream method were determined to be 61.52% and 58.23%, respectively. It was observed that although the basic SegNet method had exceeded the two-stream method in performance. It still underperformed when compared with the results obtained by the proposed FL-SegNet method. In the cases of uneven lighting, the MPA and MIoU of the proposed FL-SegNet method were determined to be 75.67% and 69.15%, respectively, which increased by 18.78% and 13.51% when compared with the basic SegNet, respectively. The MPA and MIoU of the two-stream method were 66.48% and 62.73%, respectively. However, when compared with the proposed FL-SegNet method, the two-stream method was time-consuming and displayed a poor ability to recognize very thin cracks when uneven lighting conditions were present.
It was worth noting that the training sets included defect images that had been disturbed by background interference and uneven lighting. In the process of network learning, the network obtained characteristics of defect under interference. During the prediction process, the predicted images were input into the network and the noise was automatically filtered out. In summary, it was determined from this study's comparison of the three detection methods that the proposed FL-SegNet method had achieved an overall better performance in detecting damages under the various types of noise interference. Furthermore, the proposed model displayed strong robustness and adaptability.
V. CONCLUSION
In the current study, a DL-based method was proposed for the simultaneous identification of multiple damage in tunnel linings using only one-stage networks. The proposed method, referred to in this study as FL-SegNet, which integrated the basic SegNet network with a focal loss function to focus on learning hard examples and down-weighing numerous easy negatives. It was found that the proposed method was capable of distinguishing small-scaled cracks and other details from the large-scaled spalling damages. Also, it was able to simultaneously recognize multiple damage even with the difference in size or overlapping existed. The method was successfully validated using practical tunnel damage image data. Tunnel damage images which were required for the training, validation, and testing in this study were taken with a Canon 700D camera, FARO FocusS 350 3D laser scanner, and an Artec Spider handheld 3D laser scanner. Then, following random cutting and data augmentation of the raw images, a total of 10,000 images with 256 × 256 pixels were randomly assigned into the training and validation data. The optimal values of α and γ in the focal loss function were experimentally determined for the trained model as [10, 1, 3] and 2, respectively.
The performances of the proposed FL-SegNet method were experimentally discussed in different scenarios, including small-sized damages, cracks and spalling overlapping, background interference, and uneven lighting conditions. The performances of the proposed method were compared with two multiple damage identification methods: a two-stream method and a basic SegNet method. The experimental results demonstrated that the proposed FL-SegNet method had outperformed both the two-stream method and the basic SegNet method for all four cases. In particular, the proposed method successfully predicted the profiles of the small-sized damages, such as tiny cracks and detailed boundaries, on the examined multiple damaged images where size imbalance, overlapping, and various types of interference were evident. The proposed method also displayed major superiority in regard to the evaluation indicators when compared with the two-stream and basic SegNet methods.
The MPA and MIoU of the proposed FL-SegNet method were found to increase by 11.99% and 4.88%, respectively, for the identification of the size-imbalanced multiple damage when compared with the two-stream method. Therefore, it outperformed the other excellent multiple damage detection algorithms. Meanwhile, in regard to the overlapping multiple damage, the MPA of the FL-SegNet method improved from 62.77% to 79.39%, and its MIOU increased from 58.17% to 67.55%. Additionally, the performance metrics of the FL-SegNet attained the highest scores for the multiple damage identification under background interference (MPA: 83.35% and MIOU: 75.06%) and uneven lighting (MPA: 75.67% and MIOU: 69.15%) conditions. In conclusion, the results of this study indicated that the proposed FL-SegNet method had the ability to implement simultaneously recognition of multiple defect with higher accuracy.
In the future, the diversity and quantity of the datasets will be further increased to improve the universality of this study's proposed detection method. In addition, the distance from the shooting point to the tunnel surface and the focal length of the camera should be fixed to calculate the size of the defect based on the number of defect pixels. She held over 40 patents. She has participated in more than 10 academic and industrial projects. Her research interests include fiber optic sensors and instrumentation, advanced measurement technology and applications, and complex process control and optimization.
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